Most complex health conditions do not have a single etiology but rather develop from exposure to multiple risk factors that interact to influence individual susceptibility. In this review, we discuss the emerging field of metabolomics as a means by which metabolic pathways underlying a disease etiology can be exposed and specific metabolites can be identified and linked, ultimately providing biomarkers for early detection of disease onset and new strategies for intervention. We present the theoretical foundation of metabolomics research, the current methods employed in its conduct, and the overlap of metabolomics research with other ''omic'' approaches. As an exemplar, we discuss the potential of metabolomics research in the context of deciphering the complex interactions of the maternal-fetal exposures that underlie the risk of preterm birth, a condition that accounts for substantial portions of infant morbidity and mortality and whose etiology and pathophysiology remain incompletely defined. We conclude by providing strategies for including metabolomics research in future nursing studies for the advancement of nursing science.
underpinnings of multiple conditions, including pregnancy and preterm birth.
Analytic Platforms for Metabolomics
The analytic platforms for conducting metabolomics include nuclear magnetic resonance (NMR) and MS. While NMR is extremely valuable in detecting features of molecular structures, it has relatively limited sensitivity and measures only a small number of metabolites. Typically, only 100 or fewer high-abundance chemicals can be conveniently measured in biological samples using NMR. Therefore, MS platforms, which are capable of measuring hundreds to thousands of chemicals, are a popular choice for performing metabolomics experiments. A variety of mass spectrometers with different detectors (e.g., time-of-flight detectors and Fourier transform instruments) and configurations (e.g., tandem MS and hybrid instruments), which can be coupled with different separation strategies (e.g., gas chromatography and liquid chromatography) and ionization methods (e.g., positive or negative electrospray ionization and atmospheric pressure chemical ionization), can be used. All mass spectrometers require ionization of chemicals in the gas phase, and detected ions are described in terms of the mass to charge ratio (m/z) of the ions detected. To date, liquid chromatography coupled with MS (LC-MS) offers the best coverage; that is, it is often capable of detecting several thousand or more ions (metabolites). In LC-MS, metabolites are separated by their chemical properties (e.g., polarity and size) by LC, and data for each metabolite (m/z and retention time) are then reported along with the intensity of the signal, which is proportional to the abundance of the chemical in the sample. Specialized computer software is employed to extract information per metabolite from such data and ready them for statistical and bioinformatics analysis. Tandem MS is often performed to gain additional information about the molecular composition of detected features. Figure 1 illustrates a typical workflow for the application of LC-MS metabolomics.
It should be noted that metabolomics technologies are developing rapidly. The application of high-resolution MS (Xian, Hendrickson, & Marshall, 2012) has now moved metabolomics into a new phase. As Kaufmann, Butcher, Maden, Walker, and Widmer (2010) demonstrated, when a mass spectrometer is capable of resolving 50,000 peaks (in technical terms, a peak width is less than 0.004 mass unit for an ion of 200 mass unit), the unambiguous assignment of peaks within complex biological tissues becomes possible. Multiple commercial mass spectrometers now put such resolving power in the realm of daily practice. Thus, a single high-resolution metabolomics experiment can obtain broad coverage of known metabolic pathways ( Figure 2 ). As the resolution and mass accuracy allow for the matching of data between experiments, studies can become cumulative by identifying common features of interest.
Application of high-resolution metabolomics to global profiling of human samples often includes many previously dictates what samples to use. Samples are extracted for small metabolite molecules, which undergo chromatographic separation before being injected into and analyzed in a mass spectrometer. The feature extraction step obtains quantitative information regarding metabolite features from the LC-MS data, where a single metabolite may correspond to multiple features (peaks). Statistical analysis and bioinformatics (metabolic pathways and networks, data integration) are performed to address the biological question. Figure 2 . Example coverage of human metabolism by a high-resolution metabolomics experiment. From a set of human plasma samples, we generated the data set via a Thermo Fisher Q Exactive mass spectrometer, with reverse-phase C18 liquid chromatography and negative ionization. The experiment produced 35,708 metabolite features, which were then matched to the KEGG pathway database within 2 parts per million mass accuracy. Data from this experiment match to 879 metabolites in the KEGG human metabolic map. Each black dot represents a tentatively matched metabolite. Light gray dots are from other species and are not considered as part of human metabolism by KEGG. Complemented by other ionization methods and chromatographic tools, the practical coverage will be further increased.
unidentified chemicals . Besides endogenous metabolites, this methodology can also detect environmental chemicals, dietary chemicals, pharmaceutical chemicals, and microbial products Soltow et al., 2013) . Thus, researchers can perform comprehensive screening on thousands of chemical species without prior hypotheses, opening opportunities for discovering predictive markers while, at the same time, capturing many chemicals in the same biological matrix that could serve as potential confounders in epidemiologic modeling (e.g., exposure to cigarette smoke can be easily quantified by the level of cotinine, a metabolite of nicotine, in biological samples). Figure 3 shows how a single data set matches to multiple chemical categories in the Human Metabolome Database (HMDB), a freely available electronic database that contains detailed information about smallmolecule metabolites found in the human body (Wishart et al., 2007 (Wishart et al., , 2013 . This capability presents new opportunities in food and nutrition sciences Zivkovic & German, 2009 ), pharmaceuticals (Hopfgartner, Tonoli, & Varesio, 2012; Kell & Goodacre, 2014; E. Y. Xu, Schaefer, & Xu, 2009) , and environmental monitoring (Lankadurai, Nagato, & Simpson, 2013; Viant, 2013) as well as biomedical sciences (Breitling et al., 2008; .
Metabolomics and Disease Biology
Metabolomics can be performed in a manner similar to clinical tests using body fluids such as serum, plasma, urine, and bronchoalveolar lavage fluid. Plasma is among the most analyzed samples. To date, a wealth of information has already resulted from metabolomic analysis of biological samples from diseased subjects. For example, in cardiovascular diseases metabolites in the citric acid pathway are deranged in myocardial ischemia (Gerszten & Wang, 2008; Sabatine et al., 2005) , while 2-oxoglutarate, also part of citric acid pathway, is discriminant between patients with heart failure and controls (Dunn et al., 2007) . Shah et al. (2009) showed that metabolic phenotypes are highly heritable in families burdened with premature cardiovascular disease. Langley et al. (2014) profiled the plasma metabolome and proteome in septic patients, finding altered pathways related to fatty acid transport and beta oxidation, gluconeogenesis, and the citric acid cycle. Numerous studies of the plasma metabolome in various other disease states have been published, including diabetes (Roberts, Koulman, & Griffin, 2014; Suhre et al., 2010) , macular degeneration (Osborn et al., 2013) , asthma (Fitzpatrick, , Parkinson's disease (Roede et al., 2013) , nonalcoholic fatty liver disease (Kalhan et al., 2011) , and tuberculosis (Weiner et al., 2012) .
Considerable opportunity exists to develop methods for real-time, or near real-time, monitoring of individuals. Crosssectional studies show that during episodes of critical illness, metabolomics can provide metabolic information critical to patient status. For example, information about lung function can be obtained from the metabolome of bronchoalveolar lavage fluid (Neujahr et al., 2014; Serkova, Standiford, & Stringer, 2011) . Cribbs et al. (2014) showed that bronchoalveolar lavage fluid metabolomics can discriminate healthy HIVpositive individuals from controls without HIV. Metabolomic analyses of other body tissues and fluids have also proven useful. Neujahr et al. (2014) reported that metabolomics analysis of lung allografts in lung transplant patients linked the presence of bile acids to inflammatory pathways known to be associated with negative outcomes. Urine samples have been subject to metabolomics analysis for the evaluation of those with diabetes (Sharma et al., 2013) , acute kidney injury (Boudonck et al., 2009) , and renal cell carcinoma (Ganti et al., 2012; Kim et al., 2011) . Extension of such capabilities to follow patients, such as during pregnancy, has the potential to alert practitioners to patient risk and improve care.
Applications to model systems are already enhancing mechanistic understanding. Animal models and cell assays allow researchers to design metabolomics experiments that reach beyond human studies to address specific interactions of gene expression and metabolic changes. Among many examples, E. Y. Xu et al. (2008) used urine metabolomics and kidney transcriptomics to examine pathways of nephrotoxicants in rats. Go, Roede, Orr, Liang, and Jones (2014) combined metabolomics and transcriptomics in a cell line that models neural toxicity in Parkinson's disease, while Patti, Yanes, Shriver, et al. (2012) investigated the metabolomics profiles in a rat model of neuropathic pain, showing that sphingomyelin-ceramide metabolites are connected with mechanical hypersensitivity.
Metabolomics and Immunology
Many metabolites are already recognized as important mediators of the immune response (Bronte & Zanovello, 2005 . High-resolution metabolomics cover the chemical categories in the Human Metabolome Database (HMDB). The data set described in Figure 2 was matched to 26,104 HMDB entries, within 2 part per million mass accuracy. This figure demonstrates the potential of this platform to capture both endogenous metabolites and exposure chemicals in the same samples. Chiang, & Van Dyke, 2008) , and novel insights about the immune and inflammatory responses to infection have emerged from metabolomics analyses (Chiang et al., 2012; Cui et al., 2013; Tam et al., 2013; Wikoff, Kalisak, Trauger, Manchester, & Siuzdak, 2009 ). These studies illustrate the opportunities available to study intrauterine infection and inflammation and relationships with extracellular matrix degradation, estrogen metabolism, stress, and fetal anomalies that contribute to preterm birth.
Infection triggers the division, development, and differentiation of a large number of immune cells, processes that involve both energy metabolism and complex signaling events. Metabolomics is a useful tool for capturing system-wide chemical profiles in the setting of infection. For example, Cui et al. (2013) performed MS-based metabolomics of serum from patients with dengue virus infection and found that fatty acid biosynthesis and beta oxidation and phospholipid and steroid catabolism are among the major dysregulated pathways during dengue infection. Tam et al. (2013) focused on lipid species in models of influenza infection and found patterns of hydroxylated linoleates to be different during infection by a low-versus a high-pathogenicity influenza strain. Both studies indicate that elaborate and distinct metabolic pathways underlie the inflammatory and resolution processes.
Metabolomics is also a powerful tool for studying the mechanisms of the immune response. Li et al. (2013) used high-resolution metabolomics to interrogate the metabolic network in the activation of innate immune cells, demonstrating that viral activation of human dendritic cells triggers a shift in nucleotide metabolism, depletion of arginine and depletion of glutathione and glutathione disulfide. The group went on to show that the depletion of arginine provides a potential mechanism to trigger the cellular stress response, which later enhances antigen presentation to both CD4 þ and CD8 þ T cells (Ravindran et al., 2014) . X. Xu et al. (2014) applied metabolomics to examine the role of the autophage in CD8 þ T cells, finding fatty acid metabolism and glycan biosynthesis to be involved in the metabolic reprogramming in CD8 þ T cell memory formation.
Preterm Birth
Preterm birth, the birth of an infant before 37 weeks of gestation, affects more than 450,000 infants, or 1 of every 9 infants, born in the United States (Hamilton, Martin, Osterman, & Curtin, 2014) . Because the fetus undergoes important growth and development during the final weeks and months of pregnancy, infants who are born preterm are at elevated risk of serious disability and death. In fact, preterm-related causes of death account for more than one third of all infant deaths in the United States, more than any other single cause (Deaths, 2013) . Preterm birth is also a leading cause of long-term neurological disabilities among U.S. children, including cerebral palsy, developmental delay, vision problems, and hearing impairment (Blencowe et al., 2013; D'Onofrio et al., 2013; Moreira, Magalhaes, & Alves, 2014; Mwaniki, Atieno, Lawn, & Newton, 2012; Schieve et al., 2014; Williams et al., 2013; Wocadlo & Rieger, 2008) .
Preterm birth is a complex health condition, with substantial heterogeneity in the clinical conditions and biological pathways that precede it. Three clinical conditions-medically indicated preterm birth, preterm premature rupture of membranes (PPROMs), and spontaneous preterm birth-may involve distinct or common mechanisms (Moutquin, 2003;  e.g., preeclampsia may associate with both medically indicated and spontaneous preterm birth). Spontaneous birth is by far the most common cause of preterm birth, explaining between 75% and 80% of cases. The onset of spontaneous preterm birth is believed to occur as a result of multiple mechanisms that may have been initiated weeks to months before the actual presence of clinical symptoms (Bahado-Singh et al., 2013; Beecher, 2011) . While there are five recognized biological pathways that lead to the final common outcome of preterm birth (Ananth & Vintzileos, 2006; Goldenberg, Culhane, Iams, & Romero, 2008; Moutquin, 2003) -intrauterine infection and inflammation, extracellular matrix degradation, estrogen metabolism, activation of maternal or fetal hypothalamic pituitary axis (stress), and fetal anomalies pathways-these pathways are not mutually exclusive, and their initiation and activation processes are unclear. Upstream of these five biological pathways, multiple exogenous and endogenous factors can initiate a multitude of biomolecular pathways that remain incompletely defined and ultimately end with preterm birth.
Subsequently, we review the challenges that warrant the use of high-throughput methods to improve prediction and health outcomes for preterm birth. Specifically, we summarize progress in biomarker discovery for preterm birth and discuss possible applications of metabolomics for improving understanding of pregnancy and preterm birth. Finally, with the current interest in the study of cumulative lifelong exposures in humans (Miller & Jones, 2014; Rappaport & Smith, 2010; Wild, 2005) , we speculate on the long-term prospects of the metabolomics of pregnancy and preterm birth to become a central paradigm for integrated omics in personalized and predictive medicine.
Challenges in the Prediction and Management of Preterm Birth
Improving the prediction and management of preterm birth is challenging because host pathophysiologic responses to a given etiologic factor may vary according to genotype, epigenetic mechanisms, other exogenous environmental exposures, or endogenous processes. Recently, the etiologies of many complex health conditions have been expanded to include consideration of the human microbiome-the billions of microbes living on and in the human body that play a role in nearly all aspects of human health and disease. In particular, the gut microbiome, by far the largest community of microbes in the body, participates in the metabolism of food, the breakdown of toxins, the development and function of the immune system, the establishment of the inflammatory response, and the physical and mental response to acute and chronic stressors (Cryan & Dinan, 2012; Wardwell, Huttenhower, & Garrett, 2011).
To date, little human research has dissected the complex associations between these exogenous and endogenous factors to consider how they may synergize and influence preterm birth. For example, while exposure to a chronic or acute stressor during pregnancy is known to increase the risk of preterm birth for any given woman (Kramer, Hogue, Dunlop, & Menon, 2011) , depending on her genotype or perhaps the composition of her microbiome, this outcome may or may not occur. Similarly, generalized approaches to screening women at elevated risk for preterm birth and the implementation of interventions for those identified through currently recognized biomarkers and risk factors have not proven effective for reducing the rates of preterm birth. Although research has identified a number of individual biomarkers and sets of biomarkers for preterm birth, high intraindividual variability as well as overlapping biomolecular pathways and redundancy of currently defined biomarkers have rendered accurate prediction and prevention of preterm birth challenging. In a recent systematic review on maternal biomarker studies of spontaneous preterm birth, authors noted that 116 biomarkers have been investigated for their role in preterm birth yet found that no single biomarker identified to date can reliably predict women at risk for preterm birth (Menon et al., 2011) . Recent studies simultaneously measuring multiple analytes and/or considering multiple risk factors together with biochemical analytes have improved the predictability of preterm birth for a given woman, yet these traditional multiplex approaches are not sufficiently predictive to be useful for clinical practice in terms of identifying those at elevated risk for preterm birth or for targeting intervention therapies (Tsiartas et al., 2012) . In essence, existing screening and intervention strategies may be too generalized and limited by a lack of understanding about the detailed pathways and complex interactions that ultimately lead to preterm birth. Individualized approaches with a fuller elucidation of the mechanistic pathways that ultimately trigger pathways to preterm birth, therefore, are required to effectively identify those at elevated risk and target therapies to prevent preterm birth and, ultimately, reduce its public health impact.
Incorporating Metabolomics into the Study of Pregnancy and Birth
In 2009, Horgan, Clancy, Myers, and Baker published the first review on metabolomics and pregnancy, which was based on limited data (Horgan, Clancy, Myers & Baker, 2009 ). Since then, a number of studies have employed metabolomics to study pregnancy and birth (Fanos, Atzori, Makarenko, Melis, & Ferrazzi, 2013) . To date, metabolomics research has revealed alterations in maternal biofluids of women whose pregnancies ended in spontaneous preterm birth with and without PPROMs, supporting the great potential for applying metabolomics in the identification of women at elevated risk. Graca, Duarte, et al. (2010) , Graca, Goodfellow, et al. (2012) used both NMR and MS to analyze amniotic fluid and urine in a comparison of women who had a preterm birth and controls. Within the limit of technologies and sample size, their findings suggest different levels of several amino acids between the groups. Romero et al. (2010) used MS, combining data from both gas and liquid chromatography, to look for metabolites predictive of preterm birth in amniotic fluid. They reported amino acids, carbohydrates, and xenobiotic compounds to be among the top predictors. Odibo et al. (2011) used MS to test for differences between preeclampsia patients and controls and found significantly higher concentrations of hydroxyhexanoylcarnitine, alanine, phenylalanine, and glutamate in the plasma of women with preeclampsia.
These examples of findings regarding individual biomarkers and sets of biomarkers for the identification of those at elevated risk for spontaneous preterm birth afford potential utility, but high intraindividual variability continues to limit accurate prediction and prevention of spontaneous preterm birth with existing biomarkers. The continuing improvement in technologies, however, provides a basis for optimism. Several of the pathways leading to preterm birth; including intrauterine infection, extracellular matrix degradation, and fetal stress; overlap in their dependence on inflammation and oxidative stress pathways; and at the same time are influenced by genomics, epigenomics, stress, and toxicant exposure. Thus, discovery of metabolites that converge across pathways could lead to improved early identification of those at elevated risk along with strategic intervention strategies.
While very little is known about how either stress or environmental exposures trigger a given pathway to preterm birth, the gut microbiome plays a clear role in activating the systemic immune pathways, influencing the stress response, and occasionally invading host tissue leading to infection and is often the first line of defense in degrading environmental toxicants (Diaz-Bone & van de Wiele, 2009; Goldenberg, Hauth, & Andrews, 2000; Wardwell et al., 2011) . Although complex, this network of interactions is amenable to metabolomics research. Metabolomics can support a research strategy to identify how these somewhat disparate stimuli are operationalized through metabolites and metabolic pathways that are associated with the initiation of labor in some women but not others. Extension to large sample sizes will allow subclassification of those who do and those who do not go on to develop preterm birth. Such research is essential for the development and validation of biomarker panels for use with other clinical and behavioral risk factors to predict preterm birth, other adverse pregnancy complications, and outcomes. Wild (2005) introduced the concept of the exposome as an essential complement to the genome in the etiology of disease. He discussed the need to develop a conceptual grid of exposures to support understanding of gene-environment interactions in disease, defining the exposome to be inclusive of all exposures, for example, from diet, infection, environment, and drugs, from conception onward. Miller and Jones (2014) proposed expansion of the definition to include measurable biological responses to exposures, such as mutations and epigenetic changes. Importantly, conception and pregnancy represent the critical initial period of exposures, that period that not only determines preterm birth but also establishes a lifelong trajectory of health and disease. Hence, study of this period not only addresses a key time frame impacting the outcome for the one in nine babies who are born prematurely but also provides information on a key developmental time frame impacting all individuals as they develop and mature.
Metabolomics of Pregnancy and Preterm Birth as a Paradigm for Exposome Research
High-resolution metabolomics can provide a foundation for establishing a cumulative record of individual exposures. While there is currently no known benefit from such a record, information technologies have made this process feasible. The detailed data obtainable include information on dietary, infectious, environmental, behavioral, and stress-associated exposures. By using high-throughput technologies focused on contemporary efforts to understand and decrease adverse outcomes from preterm birth, we provide a rich foundation for future exploration of the effects of early life exposures on later health outcomes.
Implications for Nursing Research
The integration of omics technologies is not only important for contributing to the robustness of findings and filtering experimental noise but is also essential for filling gaps in measuring biological processes relevant to patient outcomes. For example, recent advances in blood transcriptomics have allowed for the discovery of many previously unknown details of immunological processes (Chaussabel et al., 2008; Li et al., 2014; Preininger et al., 2013) , and metabolomics will provide highly complementary information. Nurses interested in studying inflammatory processes could take advantage of these omics analyses (Chiang et al., 2012; Cui et al., 2013; Tam et al., 2013; Wikoff et al., 2009) . Likewise, strong evidence exists for a genetic basis of metabolite levels (Ghazalpour et al., 2014; Shin et al., 2014; B. Yu et al., 2014) , which may provide an explanation for why one individual exposed to a certain substance, such as an environmental toxicant, or to a certain condition, such as chronic stress, develops an adverse outcome while another similarly exposed individual does not: the metabolite produced in two different people in response to the same stimulus may vary in rate of production or degradation.
Molecular phenotyping is at the heart of precision medicine (Hamburg & Collins, 2010; Mirnezami, Nicholson, & Darzi, 2012; Weston & Hood, 2004) and network biology (Barabasi, Gulbahce, & Loscalzo, 2011; Suthram et al., 2010) , and metabolomics is among the most powerful tools for molecular phenotyping at our disposal. Of interest to nurse scientists studying symptoms, it may be that a certain symptom is perceived by an individual when a certain end product (metabolite) is produced, but that end product may or may not be produced by everyone, or, conversely, may be produced through several different pathways, thus explaining common symptoms across different conditions. Finally, symptom clusters may likewise package together based on the metabolite(s) produced rather than on a particular disease process. Data-driven classifications are shifting the paradigm of human disease, and metabolomics is a critical part of this revolution.
Summary
The application of metabolomics to understand and predict health or disease outcome is still a new endeavor. The often limited sample sizes in the metabolomics studies conducted to date make the findings more exploratory in nature than conclusive. Furthermore, none of the studies yet conducted have utilized the full potential coverage of high-resolution metabolomics, including its capability of capturing chemical exposures. However, the integration of metabolomics with other omics technologies offers much potential for discovering effective screening and intervention strategies for complex conditions such as preterm birth. Metabolome-wide association studies have brought methods from genomics and epidemiology to the field of metabolomics (Gieger et al., 2008; Holmes et al., 2008) and provide a framework for integrating findings with clinical observations and environmental factors. The growing application of metabolomics, along with other powerful tools, to identify individual susceptibility to particular outcomes should greatly advance the science and provide landmark advances in technology around predicting risk and targeting therapies to reduce risk for adverse outcomes in the coming years. Such applications will further provide a scientific foundation for advances in predictive health that improve healthy longevity for all.
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